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Abstract: Timely and accurate estimation of crop yield variability before harvest is crucial in
precision farming. This study is aimed to evaluate the ability of cluster analysis based on Vegetation
Indices (VIs) that were obtained from UAVs to predict the spatial variability on agronomic traits of
ten winter wheat cultivars. Five Vs groups were identified and the ground truth yield-related data
were analyzed for clusters validation. The yield data revealed a value of 6.91 t ha™ for the first cluster
with the highest VIs value and a decrease of =12%, —21%, and -27% for the 24, 34, and 4th clusters;
respectively; the 5th cluster; with the lowest VIs value showed the lower yield values (4 t ha™).
Agronomic traits, such as dry biomass, spike numbers, and weight were grouped according to Vs
clusters and analyzed and showed the same trends. The analysis of spatial distribution and
agronomic data of the ten cultivars within the single clusters highlighted that the most productive
varieties showing a greater value of spike weight and numbers and a greater presence of areas with
high values of VIs and vice versa the less productive once, though two cultivars showed productions
not linked to cluster classification and high data range variability were recorded. Cluster identified
by high-resolution UAV vegetation indices can be a valid strategy although its effectiveness is
closely linked to the cultivar component and, therefore, requires extensive verification.

Keywords: vegetation indices; crop yield; precision agriculture; wheat crop; cluster analysis
validation

1. Introduction

Wheat is the crop grown with the highest acreage (FAO stat, 2019), therefore monitoring the
wheat crop growth and canopy biophysical parameters, yield and yield components within a season
is essential to decision-makers [1]. Multiple interactions and mechanisms of compensation among the
different yield components are related to genotype, environment, and agronomy interactions [2]. In
a specific environmental condition and for a selected genotype, grain yield per area is affected by
spikes per area, grain weight, and grains per spike [3].

In recent years, with the advancement of UAV technology, high-resolution georeferenced data
can be obtained at relatively low cost. This has increased the interest in obtaining temporal and spatial
canopy information and utilize it to improve management decisions and yield. [4]. The main aim of
precision agriculture in cropping systems is to deliver information that will allow for better
management decisions [5] for improving crop quality and crop yield production and at the same time
reducing environmental pollution and farming costs [6].

Remote sensing at visible and near-infrared wavelengths (vis-NIR) has been used to formulate
many spectral indices for estimating crop properties [6,7]. Simple Vegetation Indices have

Remote Sens. 2020, 12, 249; doi:10.3390/rs12020249 www.mdpi.com/journal/remotesensing



Remote Sens. 2020, 12, 249 2 of 17

significantly improved the ability and sensibility of the detection of green vegetation [8]. Vegetation
indices are widely used to estimate crop growth status and crop parameters, such as biomass, yield,
photosynthesis, Leaf Area Index, etc. [1,9-13], and many studies have analyzed the potential of using
spectral reflectance indices in wheat starting from the early years of the century (e.g., Aparicio et al.
[14]) and up to the present day (e.g., Schirrmann et al. [4]). High-resolution Vegetation Indices (VIs)
may detect changes of wheat crop status and it might help to improve crop monitoring, nitrogen
management, and crop yield estimation [15]. Furthermore, it is indeed known that yield prediction
while using VIs in wheat can be accurate two months prior to harvest, because yield estimates
stabilize [1] and especially during the flowering period, significant correlations between UAV-VIs
and yield components were found [16,17].

For this reason, multispectral imagery with high-resolution, acquired by lightweight UAVs and
multispectral sensors, have added a new dimension in precision agriculture, offering a standing
potential for quantifying aerial observations of wheat crop under a variety of field-inputs [18]. Low
altitude remote sensing equipped with Vis-NIR camera provides a new applied technology to
monitor and detect the canopy crop status at small and large scales, very interesting and important
thing, above all in agronomic experiments, where resource, space, and time constraints limit manual
sampling [19].

However, the use of UAVs for agricultural monitoring is limited by the rendering into useful
data in the identification of homogeneous areas with identified requirements for different treatments
and management of the agronomic factors. Among methods utilized for detecting homogeneous
area, clustering methods, such as k-means clustering, fuzzy k-means, partition around mediods,
among vegetation indices, and crop and soil parameters for delineating management zones maps in
a cultivar were used [4,6,16]. The clustering algorithm is used to partition all members of a population
into one of several groups or clusters, such that the sum of squares for members within a cluster is
minimized, while the sum of squares between the members of different clusters is maximized [20].
Even if we know that, as reported by Xue and Su [8], each VI has its specific expression of green
vegetation and for real-world applications, the use of vegetation indices requires careful
consideration of the strengths and shortcomings of those indices, the specific environment where
they will be applied, and the different reflectance of each cultivar.

Cluster analysis can play an important role in differentiating field variability and locating the
low and high producing regions. This will help farmers to make management decisions early in the
season. Additionally, this research is based on the UAV data that were collected at anthesis and the
researchers can highlight some more information on how this study can be useful in assessing field
variability and predict grain yield at least a month before harvesting.

For these reasons, and since the UAV processing programs easily provide maps with different
vegetation indices, we examined the ability of three different near-infrared vegetation indices, which
are reported to be well correlated with biomass, to detect homogeneous area. VIs data recorded at
anthesis stage by high-resolution UAV were clustered by Ward’s minimum variance approach. Geo-
referred agronomic traits data that were collected at harvest were analyzed according to the identified
VIs clusters data from an agronomic point of view.

The aim of the study was to analyze if the clusters based on vegetation indices data (NDVI, SAVI,
and OSAVI) were linked to agronomic traits of ten winter wheat cultivars and the ability of clustered
VIs to detect wheat spatial variability.

2. Materials and Methods

2.1. Study Area and Field Measurements

The on-farm research was carried out in Central Italy (Mosciano S. Angelo, Teramo) for the ten
winter wheat cultivars in a flat area, at 65 m above sea level, in the 2015 crop season. The field of 1.8
hectares (411081.30 E, 4730617.48 N; UTM-WGS84 zone 33 N) was cultivated with 10 plots of 1000 m?2
each of winter wheat cultivars (Table 1).
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Sowing of the wheat cultivars (Rebelde, Ambrogio, Artico C, Artico S, Arkeos, Akim, Artdeco,
Arabia, Asuncion, and Catullo) was performed in December and the crop was harvested in July 2015.
The amount of seeds per hectares was 200 kg for each cultivar and the previous crop was the soybean.
Minimum-tillage was used. The fertilization was achieved with 200 kg ha™ of P05 (27%) as basic
fertilization and nitrogen fertilizer (35% N; 23% SOs—slow-release fertilizer) was applied at tillering
and Booting/Stem elongation stage, respectively.

Table 1. Winter wheat characteristics: Cultivars name, Cycle, Tillering, Plant Height.

Cultivars Cycle Tillering Plant Height
1 Rebelde  Medium-late medium high
2 Ambrogio Medium high medium-high
3 Artico C Medium medium medium
4 Artico S Medium medium medium
5 Arkeos Late medium medium
6 Akim Earl medium medium
7 Artdeco Medium-late medium medium
8 Arabia Earl good  medium-high
9 Asuncion Average-earl high medium-low
10 Catullo Earl high medium-high

Meteorological data were collected by a weather station located in the experimental fields
recorded total precipitation of 680 mm throughout the whole cropping season with a typical
distribution of Mediterranean environments, greater in the winter months. The temperatures showed
a typical trend of the area with December the coldest month (minimum value -1 °C) and July the
hottest (maximum value 36.2 °C). Data were not recorded outside the norm of the period

Georeferenced plants sampling from 1 m? were hand cut (nine samplings for each cultivar).
The sampling area was randomly identified based on the crop spatial variability detected by low-
resolution real-time orthoimages map. At the crop harvest stage [21], yield data, biomass, number,
and weight of spike per square meter of each cultivar were measured. Dry mass, after oven drying
fresh plant material (75 °C until constant weight), was determined.

2.2. UAV System and Flight Missions

The flights were carried out by a fixed-wing UAV eBee (senseFly, Cheseaux-sur-Lausanne,
Switzerland), simultaneously with the plant samples. The flights were carried out from 12:30 p.m. to
1:30 p.m., at a flight altitude of 95 m above sea level, in stable ambient light conditions, with
outstanding visibility and weak wind (below 5 m s™). The imaged area of the experimental field of
12 hectares was recorded. At each sampling data, a first flight by visible spectrum (Canon Powershot
5110) for visible RGB orthophoto was carried out. A second fly with a near infra-red photo camera
for VIs calculation (Canon Powershot 5110 NIR —maximum absorption of the green peak at 550 nm,
of the red peak at 625 nm and NIR peak at 850 nm wavelengths), was performed. According to
Gémez-Candon et al. [22], 80% of frontal and side overlap were used to avoid geometric distortion
related to the flight at low altitude. Ten fixed targets (25 cm x 25 cm square) were placed across the
field at the start date of the experiments as ground control points for orienting and relating the UAV
images to the ground (uniform horizontal and vertical accuracy) and calibrate camera atmospheric
and Albedo corrections) finally to overlay the multiple dates and map. The ground coordinates were
recorded by Leica Viva—GS15 (Leica Geosystems AG, Cornegliano Laudense, Switzerland) with an
accuracy of 0.025 m (horizontal) and 0.035 m (vertical).

2.3. Data Processing

The data processing was performed, as reported by Marino and Alvino [16]; acquired images
were elaborated by Pix4D Ag to generate an accurately geo-referenced ortho-mosaicked image. The
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multiple images were merged and then ortho-rectified. Pix4D software, incorporates SIFT (scale-
invariant feature transform) algorithm to match the key points across multiple images [23,24] and
processes data in three steps: (1) an initial processing of camera internals and externals data,
automated aerial triangulation, bundle block adjustment; (2) point cloud densification; and, (3) digital
surface map and orthomosaic generation. The orthomosaic was georeferenced to UTM-WGS84 zone
33N Italy, the final outputs were an RGB GeoTIFF with a resolution of 5 cm pixel.

The Pix4D software generates the VIs map in the raster calculator. The resolution of the
reflectance map has been set at 5 cm pixel™. A GeoTIFF image with a resolution of 5 cm pixel™ was
generated for each VL.

2.4. Vegetation Indices

The Normalized Difference Vegetation Index (NDVI), the Soil Adjusted Vegetation Index
(SAVI), and the Optimized Soil Adjusted Vegetation Index (OSAVI) were used to characterize crop
cultivars at different growth stages at the field (Table 2).

Table 2. Vegetation Indices, Formula, and References.

Index Name Formula References
NDVI Normalized difference vegetation index (NIR - RED)/(NIR + RED) Rouse et al. [25]
SAVI Soil-adjusted vegetation index (1+L) ((NIR - RED))/((NIR + RED + L)) Huete [26]
OSAVI  Optimized Soil-adjusted vegetation index (NIR - RED)/(NIR + RED + 0.16) Rondeaux et al. [27]

The NDVI index was calculated based on the difference of the near infra-red (NIR) and the Red
(RED) reflectance spectral bands, being normalized by the sum of the reflectance at these spectral
bands. The NDVI ranges from 1.0 to -1.0, positive values are related to increasing greenness and
negative values are related to non-vegetated features. NDVI has some weaknesses linked to the
possibility of reaching saturation, in particular in later growth stages [28,29].

The SAVI was elaborated to account for the optical soil properties in the plant canopy
reflectance. The constant L was introduced in order to minimize soil brightness. L factor ranging from
0 to infinity, depends on the canopy density. For the SAVI computation, the characteristics of the
surveyed wheat area suggested an L value at the anthesis stage of 0.20 [30].

The OSAVI index was proposed by using bidirectional reflectance in the near-infrared and red
bands. OSAVI is independent of soil-line and influence of the soil background effectivity. The soil
adjustment coefficient (0.16) was selected as the optimal value to minimize the variation with the soil
background. Figure 1 reports the SAVI, OSAVI, and NDVI maps.
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Figure 1. RGB (visible) map and Soil Adjusted Vegetation Index (SAVI), Optimized Soil Adjusted
Vegetation Index (OSAVI), and Normalized Difference Vegetation Index (NDVI) maps of the ten
cultivars with the agronomic sampling points.

2.5. Statistical Analysis

The VIs data were statistically processed while using the hierarchical clustering Ward’s
minimum variance approach [31], as described in a previous paper that was published by Marino et
al. [32]. The cluster analysis classifies observations into groups, in which the cluster members have
common properties.

Based on the distance matrix, agglomerative clustering first selects the most similar two groups
and afterwards merges them into a single group. The procedure is repeated until all of the samples
have been added to a single large cluster and the final partition is identified by a distance criterion
[33]. Starting from the bottom part of the dendrogram (Appendix A), the researcher decides to stop
the agglomeration process when successive clusters are too far apart to be merged. In the present
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paper, the groups were merged and created on the three identified VIs (NDVIL, SAVI, and OSAVI).
The statistical VIs median values, standard deviations, and analysis of variance between the clusters
and within the clusters are reported in Table 3. Statistical tests were used to verify the dependence
conditioning of the different variables (a posteriori). The scree plot to choose the significant number
of clusters was used [34]. The multivariate statistical technique of principal component analysis
(PCA) was applied to the whole set of studied agronomic traits that were grouped according to
identified VIs clusters, to transform the data into a set of uncorrelated orthogonal variables.
OriginPRO 8 (Origin Lab Corporation, Northampton, MA 01060, USA) and STATISTICA (Stat Soft.,
Inc., Oklahoma, OK, USA) were used for statistical analysis.

Table 3. Vegetation Indices (VIs) median values, standard deviations and analysis of variance of
clusters identified by Ward’s cluster method. The median values are assumed as a measure of central
tendency in case of not symmetrical data distribution.

Vegetation Indices

SAVI OSAVI NDVI

Clusters Value #5.D. Value #S.D. Value #S.D.
1 1.03 (0.020) 1.00 (0.019) 0.86 (0.018)

2 0.96 (0.021) 0.93 (0.021) 0.81 (0.028)

3 0.86 (0.027) 0.83 (0.026) 0.72 (0.024)

4 0.79 (0.028) 0.76 (0.027) 0.67 (0.028)

5 0.65 (0.053) 0.63 (0.051) 0.59 (0.054)

Analysis of Variance Cluster

Between df Within df F value p value
SAVI 1.34 4 0.080 81 367 0.000000
OSAVI 1.26 4 0.074 81 367 0.000000
NDVI 0.729 4 0.069 81 184 0.000000

3. Results

3.1. Cluster Analysis Based on VIs Data

High-resolution Vegetation Indices data of ten winter wheat cultivars that were collected at
anthesis were clustered to detect group data with significant differences. Starting from 86
georeferenced points of each VI (NDVI, SAVI, and OSAVI) at anthesis, hierarchical clustering Ward’s
minimum variance approach was used for identifying the clusters. Five clusters were identified
(Table 3), the cluster differences among VIs increased, starting from the 5th cluster (lowest values) to
the 1st cluster (highest).

The median value of SAVI within each cluster was 1.03 for the 1st group, 0.96 for the 2nd group,
0.86 for the 3rd group, 0.79 for the 4th group, and 0.67 for the 5th group. Among the neighbour groups
of each VI, differences that ranged from 6 to 10% were recorded, except for the 5th group that showed
median value differences of —17% for both SAVI and OSAVI, and -12% for NDVI with respect to the
4th group. The VIs median value of the 5th cluster was 37% (SAVI and OSAVI) and 31% (NDVI)
lower than the 1st cluster.

3.2. Agronomic Data Based on VIs Clusters

The agronomic traits of the ten wheat cultivars that were collected at harvest were analyzed
according to the VIs clusters’ separation presented in Table 3. Figure 2 shows the box plots of the five
clusters of the most important parameters for winter wheat : (a) for the total yield, (b) the dry biomass,
(c) the spike number, and (d) for the spike weight. The box plot is a statistic method of displaying the
data distribution based on the median value, minimum, first quartile, median, third quartile, and
maximum.
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Figure 2. Box plot for different yield traits: Biomass (a), Yield (b), Spike weight (c), and Spike number
(d) of the ten cultivars for the identified 5 clusters.

The dry biomass data, which range from 2244 (g m2) for the 1st cluster and decreasing by 1935
(g m™) for the 2nd cluster, 1666 (g m2) for the 3rd cluster, 1615 (g m2?) for the 4th cluster, and a dry
mass of 1329 g m= for the 5th cluster (-41% respect to the 1st cluster). A larger variability
characterized the distribution of cluster 1. A similar trend was recorded for the yield data, that ranged
from 6.91 t ha™ for the 1st cluster (highest VIs value), to 4 t ha™! for the 5th cluster (with the lowest
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VIs value). The yield median value recorded for the 2nd cluster was 6.1 t ha™, followed by the 3rd
cluster 5.5 t ha™ and 50.5 for the 4th cluster.

The spike weight of clusters 1 was 843 (g m=2), followed by cluster 2 with a value of 742 (g m?),
the third and fourth clusters showed values of 660 (g m2) and 634 (g m) respectively. The spike
numbers of the 1st cluster showed a median value of 532 spikes per square meters, the other clusters
showed a lower number of spikes per square meters with 466, 444, 381, and 328 for cluster 2, cluster
3, cluster 4, and cluster 5, respectively.

A principal component analysis (PCA) transformation was applied to the agronomic traits
according to VIs data to understand whether differences between clusters are meaningful or not.

A close inspection of the PCA combining the agronomical traits of the different identified cluster
demonstrates that VIs grouped similar crop attributes and how they are related to the different
identified cluster. There was a little difference noted between the 1st and 2nd cluster and between
the 3rd and 4th identified cluster (Figure 3).

Projection of the variables on the factor-plane (1 x 2)
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Figure 3. Principal component analysis (PCA), Projection of the variable on the factor plane (1 x2). Y
=Yield, B = Biomass, Sn = Sspike number, Sw = Spike weight. 1,2,3,4,5 = cluster number.

The PCA showed that the first two components explained 72% of the variation (Figure 3). The
Agronomic traits that had a strong and positive contribution to the first component (PC1—47.70% of
variance) were the agronomic traits of the 1st and 2nd cluster, whereas the agronomic traits of the 5th
cluster were negatively correlated.

3.3. Cluster Map Based on VIs Data and Agronomic Variability Among and Within Cultivars

The clusters map was elaborated according to the clustered VIs and the analysis of agronomic
traits of the sampling collected at harvest in the same georeferenced points were performed (Figure
4, sx). The map reports five different colors, starting from the red for the 1st cluster (highest VIs
values) to the blue one (lowest VIs value). At a visual assessment, the map highlights clear differences
among the ten cultivars and the spatial variability within each of them. The VIs data of the 1st cluster
were only detected in six cultivars, which were distributed over wide surfaces in Rebelde, Ambrogio,
Artdeco, and Catullo and over small surfaces in Arabia and Asuncion. While the VIs data of the other
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four clusters were present in all cultivars. The four cultivars with no VIs data in the 1st cluster (Artico
S., Artico C, Arkeos and Akim) also showed small surfaces of the 2nd cluster. Furthermore, Artico S.,
Artico C showed a large area in the 5th cluster, followed by Arkeos and Akim, and finally by other
cultivars with small surfaces. The cultivars with a wide area in the highest VIs clusters (1st and 2nd)
were characterized by high crop yield and yield components. Five of the six cultivars with wide
surfaces in the 1st VIs cluster (Catullo, Asuncion, Arabia, Artdeco, and Ambrogio) also showed the
highest values for yield, biomass, spikes number, and weight. The cultivars Artico C, Artico S, and
Arkeos that were characterized by wide surfaces of low VIs values (4th and 5th clusters) showed a
medium agronomic response.



Remote Sens. 2020, 12, 249 10 of 17

Rebelde
Ambrogic
Artico C
Yield
Artico S
<6.4
. 64-56
5.5-5.2
Arkeos | 51-43
>4.3

Akim
Artdecod
Arabia
Asuncion
Catullo

Figure 4. Map of the VIs spatial variability of the ten cultivars clustered by Ward’s method (sx). Map
of the yield spatial variability elaborated by the combination of VIs data and ground truth data
according to the regression reported in Appendix B (dx).

Within the ten cultivars, under the same VIs values, Rebelde showed the lowest yield and yield
components data, while Akim showed the highest yield and agronomic traits values (Annex B).

The two functions were parallel and they delimit at the bottom and top the relationship of the
other eight cultivars. A polynomial function with an R2 of 0.72 was recorded between VIs vs yield
ground truth data of the eight cultivars (excluding Akim and Rebelde cultivars), the regression value
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of the ten cultivars drops to R? = 0.57. The same trend and similar function were recorded for the
biomass data, with an R? of 0.65 while excluding Akim and Rebelde and R? = 0.51 if included. Spike
weight showed a polynomial function with R? = 0.67 and R? = 0.52 without and with Akim and
Rebelde, respectively. The spike number showed an exponential function and value of R? = 0.54 and
R? =0.67 without and with Akim and Rebelde, respectively

Based on the VIs-yield regression, a map was elaborated and reported in Figure 4 (dx) for
evaluating the ability to assess the field variability between clusters formed based on VIs and ground
samples. At visual assessment, the map showed few differences in the discrimination of the areas and
confirms the analysis reported previously; a smoothing of the yield clusters data with respect to the
UAV-derived VIs clusters is also evident.

4. Discussion

The Unmanned Aerial Vehicles (UAV) offer greater flexibility in flight scheduling, which makes
it a useful tool for researchers and farmers to monitor and manage crops at the field scale [35]. The
UAV allows for the acquisition of data and images with high spatial resolution (sub centimeter) [36],
although the high number of data is restricted the fields of application due to the difficulty of easily
identifying a management strategy linked to areas with the same variability. Most of the scientific
papers identify areas with similar characteristics starting from the combination of agronomic traits
and soil data on the ground with vegetation indices, which makes it difficult to apply these methods
starting exclusively from UAV-derived VIs data. Moreover, among all of the elaborated VIS, some
are certainly more efficient, among which SAVI, OSAVI and NDV], have been widely used with good
results [37,38]. This work explores the ability of cluster analysis, based on the combination of three of
the most widely used vegetation indices, to identify the population groups with homogeneous VIs
and, subsequently, evaluate whether the identified groups have a link with the main agronomic data
(vield and yield components) related to spatial variability of 10 wheat varieties.

4.1. Cluster Analysis Based on VIs Data

Five clusters were identified by the cluster analysis on UAV-derived VIs data. The 1st cluster
showed the higher values for all three indices investigated, from the second to the fourth cluster the
distance between groups fell by an average value of 6% —-10%, with the fifth group being far away
with —12% —17% when compared to the fourth cluster. The VIs cluster median values showed the
higher values for SAVI and OSAVI indices, NDVI highlighted the lowest maximum values and the
narrowest data range, confirming the results that were achieved by Marino and Alvino (2018) in
previous work on durum wheat. The NDVI median values recorded —15% and —12% differences than
the SAVI and OSAVI ones. Moreover, the wider range of values of both SAVI and OSAVI indices
favoring better data discrimination among clusters, in fact the difference between the medians of 1st
and 5th clusters was 0.38 for SAVI and 0.27 for NDVI, showing that, in an open field experiment, the
distance between groups is very close and SAVI index showed high discrimination.

4.2. Agronomic Data Based on VIs Clusters

Agronomic ground truth georeferenced data of biomass, yield, spike weight, and spike number
of ten wheat cultivars that were collected at harvest were analyzed according to the five identified
clusters.

The dry biomass, yield, spike weight, and spike number data showed the highest values for the
1st cluster and decreasing values for clusters that range from 2nd to 5.

The dry biomass data, ranging from 2244 (g m™) for the 1st cluster and decreasing by 14% for
the 2nd cluster, 26% for the 3rd cluster, 28% for the 4th cluster, and a dry mass of 1329 g m™ for the
5th cluster (—41% with respect to the 1st cluster). As far as the analysis of biomass data by the
identified clusters is concerned, we can say that clusters 3 and 4 showed a very close data of the
medians, whereas those of clusters 1, 2, and 5 are well spaced.
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A significant difference in the yield values was recorded; yield median value has passed from
6.91 t ha™ recorded for the 1st cluster, to 4 t ha™ for the 5th cluster. Moreover, starting from the 1st
cluster, a decrease of 12%, 21%, and 27% was recorded for the 2nd, 3rd, and 4th clusters, respectively.
The 5th cluster showed a reduction of more than 40%, proving the ability of the UAV-derived VIs
cluster to identify areas with homogeneous production classes already at the anthesis.

The breadth distribution of data in the clusters 1, 2, and 4 was higher than the others, due to a
higher residual variation occurring within each cluster.

The cluster median value of spike weight of clusters 1 was higher than the other four clusters
(2nd, 3rd, 4th, 5th) that recorded a media values -12%, —22%, —25%, and —41%, respectively, than the
1st cluster. The spike numbers of the 1st cluster showed a median value of 531 spikes per square
meters, the other clusters showed a reduction of —12%, —16%, —28%, and —38% with the lowest median
value for the 5th cluster of 330 spikes per square meters.

The distribution of spike weight of clusters 1 was characterized by a larger variability, which
suggests that the filling of the ears plays a strategic role in yield and biomass production.

The difference of cop yield was also explained by the differences of spike numbers in fact, it has
gone from 531 ears per square meter for the 1st cluster to only 330 for the areas of the 5th cluster, but
also with significant reductions for the intermediate clusters that have seen a reduction that has
affected yield production.

The high spatial variability within fields has been widely stated for agronomical parameters,
especially for the growth of wheat plants because it is influenced by a complex interrelation of many
factors, such as natural environmental factors (such as radiation, temperature, rainfall, soil texture,
and topography), management technologies (such as water and nitrogen fertilizer management), in
addition to genotype [39,40].

Although the differences among the clusters of all the components analyzed are significant, the
overlapping of many quartiles of the different groups determines the need to be very careful in
managing the agronomic field management starting by VIs clusters.

A principal component analysis (PCA) applied to the agronomic traits clustered according to
VIs data were performed to understand whether the differences between clusters are meaningful or
not. PCA confirms the ability of cluster method to group samplings with similar attributes,
highlighting as the first and second cluster had a strong and positive contribution to the first
component, followed by the second and third clusters; the 5th cluster were negatively correlated.

These results showed how clusters 1 and 2, as well as 3 and 4, have agronomic attributes that
are very close to each other. In particular, clusters 3 and 4 showed very close values of biomass, yield,
and weight of the ears, with cluster 4 showing values lower by 3 to 8% when compared to cluster 3.
Clusters 1 and 2 showed more marked differences between them, with lower values for cluster 2 by
12 to 14%. On the other hand, cluster 5, always shows much lower values than other clusters, by a
reduction of about 40% as compared to cluster 1 for all of the agronomic parameters analyzed. This
information can be extremely interesting for the evaluation and the choice of the management of
cultural practices in the open field.

4.3. Cluster Map Based on VIs Data and Agronomic Variability Among and Within Cultivars

The map elaborated according to the clustered VIs at anthesis and the map elaborated according
to the clustered VIs and the analysis of yield data of the ground truth georeferenced sampling
collected at harvest report the different identified groups. Clear was the differences among the ten
cultivars and the spatial variability within each of them. It is important to underline that not all of the
cultivars have shown the same trends and the same distribution between clusters, in fact there are
there are as many as four cultivars that do not have data in the first cluster and a lower surface in the
second one (Artico S., Artico C, Arkeos, and Akim) by registering a large area in the 5th cluster. These
cultivars also showed the lowest values related to the agronomic parameters analyzed, except Akim,
which showed high average in yield productions and a relationship VIs-agronomic trait different
from the other varieties. The VIs data of the 1st cluster were only detected in six cultivars (in Rebelde,
Ambrogio, Artdeco, and Catullo with high involved surface and Arabia and Asuncion followed by
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small surfaces. As reported, the relationship among the six cultivars and agronomic traits confirm
that crop characterized by highest VIs clusters (1st and 2nd) recorded high crop yield and yield
components value. Even if, among these varieties, a different trend has been recorded by Rebelde
that in the face of a large area between cluster 1 and 2 has shown much lower values of yield and
yield components. Rebelde and Akim showed a different VIs—agronomic traits relationship for the
inter-cultivar identification, they are in fact present at the edges of the regressions identified, which
shows how important it is to analyze the agronomic parameters to be able to carry out a prediction
or a precision management at the farm level. The regression between the UAV-derived VIs and the
yield confirms that the yield values have been smoothed, which highlights a slight difference between
the maps, but also an excellent capacity of this method of making important information for crop
management if cultivars with different trends are excluded.

The analysis of agronomic data that were related to different cultivars with the same crop and
environmental conditions is complex. The cases under examination point out an interesting trend
between agronomic characteristics and spectroradiometric response. Although some cultivars have
shown a completely different trend, not in line with the spectroradiometric responses of most
cultivars. Many authors, such as Hassan et al. [17] and Duan et al. [19], Marino et al., [41] report the
rapid assessment of VIs from UAV dynamic monitoring and predicting of the biomass change and
grain yield during the growing season of wheat. In the present study, a significant correlation
between agronomic parameters were revealed for each cultivar and VIs, but showed some limitations
and weaknesses in the inter-cultivar analysis, since each cultivar has a specific own spectral response
and function yield-VIs as stated before. According to Hassler and Baysal-Gurel [42], the potential of
UAS in agriculture is very high, and the eBee fixed-wing UAV has been demonstrated to be a good
tool for agronomic purposes on wheat [43].

5. Conclusions

The study, based on one-year on-farm experiment on ten winter-wheat cultivars, the records
results of a cluster analysis performed on different VIs at anthesis with the aim to study the
agronomic variability of the whole field, among cultivars and within plots. Five VIs clusters were
identified, starting from UAV maps of NDVI, OSAVI, and SAVI indices. Agronomic traits of all
cultivars collected at anthesis and grouped according to VIs clusters showed significant yield and
yield traits differences. The yield median value of each cluster of the population was 6.9, 6.1, 5.5, 5.1,
and 4.0 t ha™, respectively, even if a great variability was recorded. Little agronomic traits differences
were noted between the 1st and 2nd cluster and between the 3rd and 4th identified cluster. Above all
of the agronomic traits, spike weight showed a strong connection to the yield and biomass. The
analysis of the map elaborated according to VIs clusters and analyzed in relationship with ground
sampling data showed a significant ability of VIs clusters to detect the boundaries within the cultivars
(discriminate against more and less productive areas) and a good tendency to define differences
among cultivars. The regression among VIs and agronomic traits of each cultivar was different and
only the exclusions of two varieties (Akim and Rebelde) results in good VIs-Yield regression.

Therefore, the identification (and management) of wheat spatial variability can be negatively
affected if it is carried out with no ground-truth validation.
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Figure A2. VIs vs. yield (a), biomass (c), spike weight (e), spike number (g)regression (R? and
polynomial functions) of 10 cultivars (yellow) (Left) and VIs vs. yield (b), biomass (d), spike weight
(f), spike number (h) regression (R? and polynomial functions) of 8 cultivars (yellow); cultivar Akim
(red) and cultivar Rebelde (blue).
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